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A B S T R A C T
Most industrial processes are run by induction machines (IMs). Condition monitoring of IM assures their con-
tinuity of service, and it may avoid highly costly breakdowns. Among the methods for condition monitoring, on-
line motor current signature analysis is being attracting a rising interest, because it is non-invasive, and it can
identify a wide variety of faults at early stage. To favour the development of on-line fault diagnosis techniques, it
is necessary to have real-time currents with which test the new techniques and devices. Models running in real
time in hardware-in-the-loop (HIL) simulators are a suitable alternative to balance the drawbacks of test benches
(costly, limited machines, faults and working conditions). These models must be accurate enough to reflect the
effects of a fault and they must be running in real time. A promising technique based on the equivalent circuit
parameters calculation of IM by finite element analysis (FEA) is attracting a rising interest due to its reliability,
performance and the possibility of being run in a HIL. Nevertheless, prior to running in a HIL, it is necessary to
compute the IM parameters using FEA, which requires long simulation times and high computing resources.
Consequently, covering a whole range of degrees of a giving fault could be unaffordable. What is proposed in this
paper is to apply the sparse subspace learning (SSL) in combination with the hierarchical Lagrangian inter-
polation (HLI) to obtain the parametric solutions of the faulty IM model that cover the whole range of severity of
a given fault, with a reduced number of FEA simulations. By means of this approach it is possible not only to
boost the computation speed but also to achieve a significant reduction of memory requirements while retaining
reasonable accuracy compared to traditional FEA, so enabling the real-time simulation of predictive models.
1. Introduction
Rotating electrical machines are critical components not only in the
industry (working as a motors) but also in the electrical power gen-
eration (working as generators). The electric machines are the driving
force of the industry. Indeed, IMs account for a major fraction ( 64%)
of total industrial energy uses [1]. Among all types of electrical ma-
chines, squirrel-cage IMs have a prevalence in industry applications due
to their low cost, robustness and low maintenance requirements, which
are key issues in harsh industrial environments. Despite their robustness
IMs are not free from suffering faults that can lead to unexpected fail-
ures and production breakdowns, causing large economic losses [2].
Consequently, the detection of faults at early stage is crucial to adjust
the maintenance plans, allowing a faster reparation and avoiding un-
expected shut-downs of the production line [3].
In this context, a wide variety of magnitudes have been used for the
purpose of condition monitoring of the IMs such as thermal monitoring,
either measuring or estimating the temperature or through the analysis
of thermal images [4], the magnetic flux monitoring [5], vibration
[6,7], noise [7], partial discharges [8], air-gap torque monitoring [9],
etc. However, these magnitudes have several drawbacks such as the use
of expensive sensors, which most times cannot be installed and used in
large machines for fault diagnosis. Besides, it is not easy to detect all
types of faults using these magnitudes [10].
On the other hand, many recently published research works propose
the use of the stator current for condition monitoring of the IMs.
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Indeed, motor 24 current signature analysis (MCSA) has become a no-
table approach for IM fault diagnosis, because the currents of a faulty
IM contain frequency components which can be related to both me-
chanical faults (rolling bearings, eccentricity) and electric and magnetic
asymmetries (stator winding short-circuits, rotor broken bars)[10].
Besides, MCSA is non-invasive, and it has low hardware (just a clip-on
Hall effect probe) and software requirements [11–13] (Fourier Ana-
lysis). Fig. 1 shows the general diagram procedure for condition mon-
itoring of IM through the analysis of the current.
However, MCSA faces some practical difficulties that are still lim-
iting its industrial implementation. First, the rough industrial environ-
ment in which the machine operates, the electromagnetic noise, the
mechanical coupling with the load, the air ducts of the machine, etc.
can induce harmonic components in the stator current, not related to
the fault, which may lead to false positives [14,15]. Second, MCSA
relies on failure thresholds, but there is not a clear line that determi-
nates the presence or absence and the severity of a given fault, because
they can be machine dependent. Finally, the working conditions can
affect the diagnostic procedure. Most machines work under non-sta-
tionary regimes, which require complex fault diagnostic algorithms that
can operate in the joint time-frequency domain, where the FFT cannot
be used to identify fault-related peaks in the current spectrum [16–18].
Due to the critical role of induction machines in industries and power
generation plants, there is a need to address these problems in order to
increase the reliability of condition monitoring systems. The main goal is to
detect the faults at a very early stage, while reducing missed and false
alarms rates [19]. To achieve this objective the use of the artificial in-
telligence to develop expert systems based on support vector machines
(SVM) [20] or artificial neural networks (ANN) [21] have been proposed in
the technical literature. Besides, there is a rising interest in developing non-
invasive, on-line assessment of the motor condition that can continuously
monitor, detect and identify motor faults in an early stage, before an un-
expected shut-down of the production line [2]. It implies the development
of fault diagnostic algorithms running in embedded devices, such as digital
signal processors (DSPs) [12,22], field programmable gate arrays FPGAs
[23] or even in the variable speed drive (VSD) that controls the machine.
And these diagnostic systems must be able to perform on-line condition
monitoring [9,24] of IMs, under different working conditions [25], both in
steady state and in transient regime, as well as under non-stationary
working conditions.
The development and training of these expert systems requires a
large number of sampled currents, which should be obtained from
several motors, with different types and severity degrees of a given fault
or even with simultaneous faults. Besides, to enable the development
and test of fault diagnosis techniques running in embedded devices,
these signals must be produced and sampled in real-time. The main
drawback is the access to many induction machines to fulfill the re-
quirements aforementioned. It requires cooperation with industry, but
the number of faulty induction machines that could be running in the
industry is very limited.
Another option for obtaining faulty currents is to use IMs installed
in laboratory test benches. Despite being necessary for the last stage of
development (to test the fault diagnosis techniques, the devices, the
expert systems, etc), this option not only has the same problems as with
IMs installed in the industry, such as the limitation to those IMs
available in the laboratory, but it has added drawbacks, such as the
costs, the needs of a large number of destructive tests, the added
challenge to obtain different degrees of failure or even simultaneous
faults, and the difficulty to vary parameters that modify the working
conditions, among others.
Alternatively, the use of accurate models of the faulty IM would
have a major impact in the fault diagnosis field. These models aim at
reducing the number of destructive tests needed to validate new diag-
nostic techniques, to test fault diagnostic techniques implemented in
embedded devices, to train expert systems to classify IM faults [26] or
to develop vector classifiers [27]. These models are also very helpful for
a better understanding of the observed phenomena [28] and to define
and compare different fault indexes [29] which can lead to the devel-
opment of new diagnostic techniques. In the next subsections, the most
recent advances in the development of faulty IM models are reviewed,
as well as the bottlenecks in their practical use.
1.1. Faulty induction motor models
Several models of rotating electrical machines have been proposed
in the technical literature. The well-known dynamic d-q model [30,31]
is simple enough to be implemented in fast HIL [32]. However, this
model cannot be used for fault diagnosis purposes, because it neglects
the harmonic contents generated by phase windings, and is unable to
model the torque pulsations that appear in the machine shaft due to the
interaction between time and space harmonics [33]. The challenge is to
perform the machine condition monitoring under conditions in which
both the phase currents and the phase voltages are not sinusoidal and
torque pulsations are present on the shaft [34]. Therefore, the machine
model for diagnostic purposes should include the effect of spatial har-
monics, as in the model presented in [35]. Afterwards, other analytical
approaches have been proposed such as the multiple coupled circuit
(MCC) model [36], the winding function approach (WFA) [37], the
Concordia transformations [38], the use of natural variables [39], the
voltage-behind-reactance formulation [40,41], or the magnetic
equivalent circuit (MEC) [32,42]. However, these analytical approaches
cannot properly model non-linearities and non-ideal conditions, as re-
quired for an accurate motor model valid for diagnostic purposes.
The use of finite elements method (FEM) for modelling highly increases
the accuracy in machine simulation [43], but it requires a significant
computational capacity. Despite the improvements on computer speed, the
computational effort required to complete FEM evaluation is significant
even with modern processing power computers [44]. Indeed, it requires
long simulation times, from minutes to days in case of highly asymmetrical
faults such as mixed eccentricity or rotor broken bars. The savings in
computational effort are crucial in situations where a large number of stu-
dies are required, such as in fault diagnosis, optimization of the motor
control, expert systems training, etc.
Therefore, some authors have proposed alternatives such as the use of
advanced analytical models [45,46] or combined FEM-analytical model
[47] to reduce the computation time of FEM models. They are based on the
equivalent circuit parameters calculation of IM by FEMmodels [48,49]. The
resulting analytical model has a reliability similar to a FEMmodel and it can
run in real-time in HIL, which is a need for fault diagnosis. Additionally, the
test of fault diagnosis techniques requires a set of signals that cover a wide
range of scenarios such as different degrees of a fault or combination of
several types of faults. But the evaluation of each new scenario (fault con-
ditions) can become extremely expensive, because it requires the full si-
mulation of the new FEM model with their corresponding long simulation
times and high computational effort. These issues are definitely limiting its
implementation.
Fig. 1. General diagram of the procedure for fault diagnosis of IM using MCSA.
1.2. Contributions and paper structure
From the discussion in the previous sections, it can be concluded
that the use of accurate IM models would have a major impact in the
fault diagnosis field. On the other hand, the main bottleneck is that
fault diagnosis requires accurate models of the faulty IMs (covering a
wide range of scenarios: machine, type and degrees of a fault) running
in real time. But both requirements are in conflict. The most accurate
methods, such as those based on FEM, require a high computing power
and long running times. On the contrary, HIL systems are able to run
machine models in real time [32,50], but they are limited to analytical
models. A promising technique is to use equivalent circuits of IM whose
parameters are obtained through FEM simulations [48,49], due to its
reliability, performance and the possibility of running it in a HIL.
Nevertheless, each new scenario requires a complete FEM analysis,
which is extremely costly and could be unaffordable.
In the technical literature, especially in computational mathematics,
many methods have been developed to alleviate this problem. For example,
design of experiment (DOE), widely used in the industry, reduces the
number of simulations based on a series of statistical indicators [51]. An
alternative approach is based on reduced order modelling (ROM) methods
[52–54], with both a-priori and a-posteriori ROM strategies. Since most of
the time is consumed in multi-query simulation, ROMmethods are designed
so as to reduce the computational complexity of evaluating a given con-
figuration [55]. However, the main drawback of these projection-based
ROM is that not only the solution must be reducible but also the problem
formulation must have a proper structure.
To address this limitation, recently, the SSL has been proposed in
[55]. The SSL is able to produce parametric solutions based only on the
output of a deterministic solver to which the parameters are fed as input
in a multi-level interpolation framework. More specifically, the SSL uses
hierarchical collocation to compute a low-rank representation of the
parametric solution. With this rationale, the predictions obtained from
the hierarchical interpolation are used as an optimal initial guess to
initialize the deterministic solver at a new sampling point. If this guess
is good enough the solver will not even run. Therefore, the time re-
quirements are drastically reduced. However, for fault diagnosis pur-
poses, this approach still requires a full FEM analysis with its corre-
sponding computational costs (memory resources and computing
power) and long simulation times.
In an attempt to overcome these limitations, this paper proposes to
apply the SSL method to obtain the parametric solutions of the faulty
IM model that cover the whole range of severity of a given fault with a
reduced number of simulations. In this paper the proposed method is
applied to the case of static eccentricity fault, but the same procedure
could be applied to the simulation of other types of faults such as rotor
asymmetries, inter-turn stator short-circuit fault, other types of eccen-
tricity (dynamic, mixed) etc. As a novelty, in this paper, the SSL is used
to obtain the parametric solutions instead of the predictions to initialize
the deterministic model at a new sampling point as in [55]. It results in
an impressive reduction of time and computing requirements while
keeping a great accuracy.
The paper is structured as follows. In Section 2 the equations that
define a parametric model of a IM and the main drawbacks to compute
the parameters are introduced. In Section 3 the methodology used to
compute the parametric solutions of the fault IM model is presented.
The case of study introduced in Section 4 is used to illustrate the SSL
and the HLI method proposed in this paper, which is explained deeply
in Section 5. Subsequently, in Section 6, the model is implemented in
the HIL and the results, in terms of fault diagnosis purposes, are shown.
Finally, the main conclusions of this work are presented in Section 7.
2. System equations
A general IM with m stator and n rotor phases can be modelled with
the following equations [56,57]:
= +U R I s t[ ] [ ][ ] d[ ]/ds s s (1)
= +U R I r t[ ] [ ][ ] d[ ]/dr r r (2)
= +L I L I[ ] [ ][ ] [ ][ ]s ss s sr r (3)
= +L I L I[ ] [ ] [ ] [ ][ ]r sr T s rr r (4)
= …U u u u[ ] [ , , , ]s s s sm T1 2 (5)
= …U u u u[ ] [ , , , ]r r r rn T1 2 (6)
= …I i i i[ ] [ , , , ]s s s sm T1 2 (7)
= …I i i i[ ] [ , , , ]r r r rn T1 2 (8)
where U[ ] is the phase voltages matrix, I[ ] is the phase currents matrix,
R[ ] is the resistances matrix, [ ] is the flux linkages matrix and L[ ] is the
inductances matrix. Subscripts s and r are used for the stator and for the
rotor, respectively. The mechanical equations are:
=T I L I[ ] d[ ]
d
[ ]e s T sr r (9)
= +T T J
t
B
t
d
d
d
de Load
2
2 (10)
where Te is the electromechanical torque generated by the machine,
TLoad is the mechanical load torque, J is the inertia moment, B is the
friction coefficient and is the rotor position.
The system Eqs. (1)–(10) must be solved using a simulink model to
run in real time in the HIL. In this case, the model has been divided into
two subsystems as can be seen in Fig. 2. The subsystem sc_user_interface
is used to modify set points and to monitor the results while the si-
mulation is running. For instance, to cover a wide variety of industrial
cases, the user could select the type of connection of the IM between
Fig. 2. Simulink model to solve the system Eqs. (1)–(10) implemented in the HIL system.
direct on-line (DOL) or through a VSD (with the usual open/close loop
controls). Once the connection is chosen and the real-time simulation is
running the user can modify, in real-time, different parameters of the
power supply such as the voltage and/or the frequency (or reference
speed depending on the VSD control selected). The user can, also,
modify the load torque during the real-time simulation or even define
torque profiles to simulate industrial processes. Moreover, from this
subsystem, the user can monitor the main results of the real-time si-
mulation such as the stator currents, the torque generated and the
speed, and save them in a file for post-processing purposes. On the other
hand, the subsystem called sm_computation is used to create the de-
tailed model that solves the system Eqs. (1)–(10), as shown in Fig. 3.
In the schema implemented in Fig. 3 the stator and rotor quantities
have been grouped, allowing the system Eqs. (1)–(10) to be expressed
as:
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where L[ ]ss contains the mutual inductances between the stator phases
and their leakage inductances, L[ ]rr contains the mutual rotor in-
ductances between rotor phases and their leakage inductances and L[ ]sr
contains the mutual inductances between the stator and rotor phases. In
case of a faulty IM all of these inductances depend on the rotor position.
Therefore, to solve (11) and (12) the self and mutual inductances must
be computed for each rotor position. Moreover, due to the presence of
derivatives in (12) these inductances must be computed with high ac-
curacy, specially, if different faulty conditions need to be detected and
identified in a reliable way. As said before, in this paper, the elements of
matrices L[ ]ss , L[ ]rr , L[ ]sr are computed using FEM software to obtain a
good accuracy but focusing on the reduction of the time and computing
resources required in this process.
3. Methodology
The accuracy of FEA allows to create IM models that consider the
non-uniform air-gap due to stator and rotor slots. Besides, FEA con-
siders other possibles asymmetries produced due to IM faults such as
eccentricity, rotor broken bars or inter-turn short circuits. In case of a
faulty machine, usual simplifications that speed up the FEA, like sym-
metry and anti-symmetry boundary conditions, can no longer be ap-
plied. Hence, performing a single simulation is more time-consuming
than in the case of healthy machines, because the whole geometry must
be taken into account. Besides, a considerable number of simulations is
required to compute the inductance matrix in every possible scenario
that is likely to occur in the life cycle of an IM.
The diagram of Fig. 4 shows the required steps to compute the in-
ductances matrix of a faulty motor. For each rotor position the machine
model is built in the FEA software. After that, each stator phase is fed
with an unit direct current, the FEA magneto-static simulation is per-
formed as shown in Fig. 5 and the stator-stator, Lss, and stator-rotor, Lsr ,
inductances for the corresponding rotor position are computed by in-
tegration of the magnetic potential in the areas occupied by the dif-
ferent windings of the stator phase or the rotor bars. Finally, a rotor
phase (the loop formed by two consecutive rotor bars) is also fed by an
unit direct current to compute the rotor-rotor, Lrr , inductances for the
corresponding rotor position. The iteration process continues until the
inductances matrix is computed for each rotor position. It becomes
clear that, due to the complexity of the geometrical resolution, the large
number of configurations that must be evaluated implies a significant
cost in terms of time and computational resources.
4. Case of study
To test embedded equipment and fault diagnosis techniques it is
required to acquire real-time signals to cover a wide range of scenarios.
That means that it is necessary to obtain simulations with different
Fig. 3. Detailed motor model of the induction machine that solves the system Eqs. (1)–(10) implemented in the sm_computation of the HIL system.
working conditions as well as types and severity of faults.
This paper is focussed in showing the benefits of SSL and the HLI in
order to reduce the computational and time requirements to compute
the inductances matrix. This allows simultaneously to create parametric
models which can run in real time simulators (HIL) and to consider
different types and severity degrees of a given fault. Such approach
would be unaffordable using a test bench or even using FEA models,
due to the fact that all the steps shown in Fig. 4 are required for each
degree of a given fault.
In this case, these benefits are illustrated using the model of a IM
which main characteristics are depicted in Table 1, considering only the
static eccentricity fault. The goal is to obtain the inductance matrix for
each degree of fault severity, that is, from healthy conditions, where
eccentricity is null, up to the maximum degree of static eccentricity. For
the simulated machine, this implies a maximum displacement of the
rotor rotation centre (considering the rotor perfectly cylindrical) of
0.28mm (the air-gap width).
As it is shown in Section 3, for each degree of eccentricity it is ne-
cessary to built a new FEA model. And for each rotor position, it is
necessary to feed sequentially the stator phases ( =N 3 in Fig. 4), and a
rotor phase, perform the magneto-static analysis and compute the in-
ductance for each position. The number of rotor positions, K , depends
on the accuracy required. In this case a total number of
=K Rotor Bars Stator Slots· has been considered giving a total of 1008
positions and, hence rotor movements of = =2 /1008 /504 rad 0. 357
are applied.
From a practical point of view, each FEA simulation takes, ap-
proximately, 1 min and 22.5MB size on disk. So, considering a generic
scenario, for each fault severity it would be necessary 4 FEA simulations
times 1008 rotor positions, giving a total of 4008 simulations, 66.8 h
and 88 GB of memory for a generic case. The SSL and HLI as proposed
in [55] is aimed at reducing the FEA time of simulation. Considering
this scenario, each simulation takes just one minute, so applying this
method in this sense would not have a great impact in reducing the time
Fig. 4. Flowchart of inductance matrix computation of a faulty IM for each
rotor position using FEA where N is the number of stator phases of the machine
and K is the total of rotor positions to simulate.
Fig. 5. Magnetic flux density for a FEA simulation of the IM.
Table 1
Parameters of the simulated machine.
Power 1.1 kW Frequency 50 Hz
Voltage 230/400 V Current 4.4/2.55 A
Speed 1415 rpm cos 50 Hz
Pole pairs 2 No of stator phases 3
No of rotor bars 28 No of stator slots 36
Airgap length 0.28mm Type of fault Static eccentricity
requirements of each simulation. Therefore, in this paper, the SSL and
the HLI are aimed to reduce the number of simulations required to
obtain the inductances matrix for the whole range of severity of the
static eccentricity fault.
Prior to apply the proposed method, and considering the type of
fault, some simplifications due to symmetry can be performed to reduce
the number of simulations. In this case, for static eccentricity (rotor
rotation centre displaced) when a stator phase is fed, each rotor bar will
see the same magnetic potential vector but with a certain geometric
offset. Therefore, the rotor positions can be reduced to those necessary
for a bar to travel through a stator slot 36 positions in this case) to
compute the Lss and Lsr inductances matrix. On the other hand, when a
rotor phase is fed, at least, a total of the half rotor positions are needed.
Hence, in this specific motor and with these conditions the rotor must
be moved 504 positions while feeding a rotor phase to compute the
rotor-rotor, Lrr , inductances matrix. Summarizing, for the case of study
(static eccentricity fault) the number of simulations can be reduced to
+ =3·36 504 612 simulations which, in terms of time and computa-
tional resources means 10.2 h and 13.45 GB for each severity degree of
fault.
Definitely, it is a great reduction of time and memory that can be
applied for this type of failure, but it is not enough if the wide range of
fault severity has to be considered. For example, to have the inductance
matrix of a severity fault between 10% and 20% each 1% it will be
necessary 112.2 h and 147.95GB. Besides, for other types of faults, or
even simultaneous faults, the problem can be unaffordable for the full
range of severity degrees.
Therefore, the main question that arises this paper is: how to obtain
the IM inductance matrices for the full range of severity degrees for a
given fault at a lower cost? In the following sections the use of SSL and
the HLI will be presented in order to obtain the inductance matrix for
each degree of a given fault just with a few FEA simulations. In this
paper, the method is illustrated using the static eccentricity fault but
using the same procedure other types of fault could be analysed.
5. Sparse subspace learning and hierarchical Lagrange
interpolation
In [55] the sparse subspace learning (SSL) has been introduced to
reduce the computing time requirements for solving parametric pro-
blems in FEA. A collocation strategy has been integrated in existing
deterministic solvers, which reduces the time computing requirements
for parametric models which are no straightforward with traditional
reduced order modelling strategies. It uses a SSL strategy for selecting
the sampling points in order to obtain the HLI polynomial basis that
allows computing an approximate low-rank solution in the parametric
space. The solution predicted by the SSL model is evaluated at new
points and used to initialize the FEA solver, making the convergence of
the iteration computing process very fast, because the prediction is very
close to the solution. Besides, as stated by the authors in [58], in many
problems with moderate dimensionality, the hierarchical approxima-
tion of the output alone yields accurate results for most engineering
applications with reasonable computing costs. In our case the low-rank
approximation of the full electromagnetic field solutions is beneficial
for the convergence of the hierarchical sampling process in which every
new point corresponds to a new FEA simulation.
5.1. Sparse subspace learning to compute the inductances matrix
In [55] the SSL with HLI are applied to obtain the prediction values
in the FEA nodes of the model, which reduces the computing time, but
it does not reduce the requirements of memory resources. In case of
faulty machines, the main interest is to compute the inductances matrix
for a wide range of faulty severity degrees to properly check the fault
diagnosis techniques implemented in the embedded devices. What is
proposed in this paper, is to apply the SSL strategy to compute directly
the inductances matrix for each desired degree of failure, based on the
values obtained from FEA simulations for only 9 degrees of failure.
In the case of study, we can assume that the inductances matrix
values, L, vary smoothly with the static eccentricity degree, e, which is
considered as the parameter which changes in the simulations. The
parameter of static eccentricity, e, varies between 0% for healthy ma-
chine and 100% for the maximum rotor rotation centre displacement,
which is 0.28 mm. In this case, it can be assumed a high order para-
metric basis to represent the inductance matrix L pos e( , ) depending on
the rotor position ( = …pos 0, 0.357, ,360 0. 357 ) in the parametric
space of static eccentricity e [0, 100].
When using polynomial approximation an optimal choice for the
sampling is defined by the set Gauss-Chebyschev-Lobatto (GCL) points:
=
= +
= …
>( )
k
e cos
j
k
{0, 100} if 0
{ 50·( 1)
1, 2 }
if 0
k j
j
k k
( ) 2 1
2
1 ( 1)
k
(13)
The corresponding parametric basis is constructed using HLI, which
is based on a hierarchy of collocation points sets. This implies that at
level k of the sampling hierarchy, the corresponding set of points has
Ne k( ) elements. This means that each level contains the Ne k( 1) points of
the previous level plus N Ne k ek( ) ( 1) additional points [55]. For a given
hierarchical level k and <N j Ne k ek( 1) ( ):
=e e e
e e
( )jk
e i j
i
j i,i k( ) (14)
Therefore, what is proposed is to use the set of GCL points to
compute the inductance matrix for different levels of static eccentricity,
using the FEA software analysis and the procedure displayed in Fig. 4.
After, the HLI is applied to compute the inductances matrix for the
whole range of degrees of static eccentricity fault.
Table 2 shows the GCL points for the first 5 hierarchical levels. For
the levels 0–3 FEA software is used to compute the inductances matrix.
Fig. 6 shows some inductances computed for different degrees of a
static eccentricity fault using the procedure show in Fig. 4. Afterwards
these results are used to create the HLI polynomial of (14) with which it
is possible to compute the inductances matrix for the whole range of
severity of the fault. Finally, the inductances matrix for the level 4 in
Table 2 are computed using the proposed method (HLI) and compared
with the results of FEA.
5.2. Results
With the HLI polynomial obtained using levels 0–3 of Table 2 the
inductances matrix for level 4 are computed and compared with those
obtained with FEA software, to check the validity of the method. The
mutual inductances between stator phases 1 and 2, between stator
phase 1 and rotor bar 1 and between rotor bars 1 and 2, depending on
the rotor position have been computed for three levels of static
Table 2
Set of the GCL points of static eccentricity for performing the HLI.
FEA HLI
Level Static eccentricity % Level Static eccentricity %
0 0 4 0.96
0 100 4 8.43
1 50 4 22.22
2 14.64 4 40.25
2 85.36 4 59.75
3 3.81 4 77.78
3 30.87 4 91.57
3 69.13 4 99.04
3 96.19
eccentricity using the proposed method (HLI) and using FEA are shown
in Figs. 7–9 respectively.
As shown in Figs. 7–9, the proposed method obtains the same results
as those obtained with FEA with a small error, but with much less
computing power requirements. In fact, once the polynomial HLI are
obtained, the computation of the inductances matrix for a new value of
eccentricity requires just 30 seconds and a disk space of 5MB, versus the
10.2 hours and 13.45 GB needed if FEA, using the procedure shown in
Fig. 4. That means boosting the simulation time in 99.92% and reducing
99.96% the amount of memory resources required.
Fig. 6. Mutual inductance between the stator phase 1 and the stator phase 2
(top), between stator phase 1 and rotor bar 1 (middle) and between rotor bar 1
and rotor bar 2 (bottom) for 5 different degrees of static eccentricity (inside the
levels 0–3 obtained with the GCL set) depending on the rotor position using
FEA.
Fig. 7. Mutual inductance between the stator phase 1 and the stator phase 2 for
three different levels of static eccentricity depending on the rotor position using
FEA software and the proposed method (HLI).
Fig. 8. Mutual inductance between the stator phase 1 and the rotor bar 2 for
three different levels of static eccentricity depending on the rotor position using
FEA software and the proposed method (HLI).
Fig. 9. Mutual inductance between the rotor bar 1 and the rotor bar 2 for three
different levels of static eccentricity depending on the rotor position using FEA
software and the proposed method (HLI).
5.3. Summary of the steps of the proposed method
The proposed method can be summarized in the following steps.
These steps would be the same for other types of faults such as rotor
asymmetries, inter-turn stator winding short-circuit, other types of ec-
centricities (dynamic, mixed), etc.:
1. Select the type of fault to analyse.
2. Define the parametric space of the selected fault.
3. Create the set of GCL points using (13).
4. Compute the inductances matrix for the set of GCL points (step 3)
using FEA software and the procedure shown in Fig. 4.
5. Use the results of the FEA simulation (step 4) to create the HLI
polynomial basis as in (14).
6. Compute the inductances matrix for the desired degree of severity of
the fault using the HLI polynomial basis computed in the step 5.
6. Simulation implementation
To test the model and parameters computed in the previous sec-
tions, the model has been implemented in the HIL model OP4500 from
OPAL-RT shown in Fig. 10 and whose main characteristics are detailed
in the Appendix A.
This model runs in real time, and the stator currents can be acquired
through the analogue outputs of the HIL. Hence, these signals can be
used to test fault diagnosis techniques implemented in embedded de-
vices, to generate signals to develop and train expert fault diagnosis
systems, to create data bases, to establish the thresholds for different
types of faults, etc. Fig. 11 shows the model running in real time in the
OP4500 HIL, with the stator currents of the simulated model being
acquired using a digital oscilloscope connected to the analogue outputs
of the HIL. On the other hand, Fig. 12 shows the stator current and the
speed of the faulty IM during a simulation test.
6.1. Fault diagnosis using the proposed faulty IM model and the HIL model
OP4500.
The use of the stator current has become a notable approach for con-
dition monitoring of the IMs, not only due to its low requirements in
hardware and software but also due to the great amount of information that
contains about the state of the IM. In fact, each fault induces or amplifies
frequency components in the stator current which can be related to both
mechanical faults (rolling bearings, eccentricity) and magnetic and electric
asymmetries (stator winding short-circuits, rotor broken bars)[10].
The presence of the principal slot harmonics (PSHs) due to rotor slot
harmonics is used for the sensorless speed estimation of IMs of most
drives and for the detection of eccentricity faults. The PSH and the
static and dynamic eccentricity harmonics are given as [59]:
= ± ±f kR n s
p
f[( ) 1 ]h d 1 (15)
where k is any positive integer, R are the number of rotor slots, nd is 0
for static eccentricity or positive integer for dynamic eccentricity, s is
the slip, p is the number of pole pairs, is the order of the stator time
harmonics and f is the mains frequency. In this case and as can be seen
in Table 1, =R 28 and =p 2. Moreover, as the static eccentricity re-
lated harmonic components are being studied =n 0d .
To check the validity of the inductances matrix obtained using the
proposed method the three tests with different degree of static eccen-
tricity shown in Table 3 have been performed. These results are com-
pared with those obtained with inductances matrix computed using
FEA. This table also includes the frequencies (f) in Hz and amplitudes
(A) in dB of the harmonic fault components more relevant for fault
diagnosis which are the lower side harmonic (LSH) and the upper side
harmonic (USH) corresponding to 1 and+ 1 of ± in (15). The stator
currents obtained in these tests have been sampled using a digital os-
cilloscope during 100 seconds at a sampling frequency of 10 kHz.
Fig. 13 shows the spectrum of the tests shown in Table 3. To better
illustrate the results, the spectrum has been plotted only in the fre-
quency range where the LSH and USH due to static eccentricity should
appear. These results reinforces the use of the proposed method (HLI) to
compute the inductance matrix of the faulty model for fault diagnosis
purposes. The spectra obtained related to fault harmonic components
are the same, with small errors, as if the matrix was fully computed
with FEA.
Fig. 10. HIL hardware, model OP4500 from OPAL RT technologies, used to
simulate the faulty induction motor model in real time.
Fig. 11. (Top) Faulty IM model developed in the previous sections running in
real time in the OP4500 HIL while the stator currents are acquired using a
digital oscilloscope connected to the analogue outputs of the HIL. (Bottom)
Detail of the rear part of the HIL where the connections with the analogue
outputs can be seen.
Fig. 12. Stator current (top) and speed (bottom) of the IM faulty model de-
veloped with a static eccentricity of 59.76% during a simulation.
7. Conclusions
The parameter calculation of the equivalent circuit of the IM are
computed by FEA is a promising technique to obtain accurate faulty IM
models which can be run in real time. These models can be used in
speeding up the development and test of new on-line condition mon-
itoring techniques implemented in embedded devices. In this paper the
SSL and the HLI are proposed to reduce the requirements needed to
obtain accurate models of the faulty IM that cover the whole range of
severity of a given fault. The method has been theoretically introduced
and the results have been validated and compared with those obtained
using FEA. In this paper, the method has been illustrated using the
static eccentricity fault, but the same procedure can be used to obtain
the inductances matrix for other types of faults such as rotor asym-
metry, inter-turn stator winding short-circuits, etc.
Using the proposed method (SSL and polynomial HLI) the para-
meters of a model for the whole range of severity degrees of the IM fault
are obtained with a similar accuracy than FEA, at a fraction of its
computing cost. Indeed, as it has been demonstrated, the results ob-
tained with the proposed method, regarding to fault diagnosis purposes,
are precise and the same as the obtained using FEA but with a ex-
tremely faster computation of the parameters of the equivalent circuit
of the IM. It should be noted as a novelty, in addition to the benefits
already mentioned, that in this paper, the SSL is used to obtain the
parametric solutions, instead of the predictions to initialize the de-
terministic model at a new sampling point, as in other works published
in the technical literature. In this way the proposed method not only
reduces the number of FEA simulations but also greatly reduces the
computing resources required. In fact, the proposed method boosts
99.9% the simulation time and it reduces 99.9% the memory resources
required to compute the inductance matrix for a new degree of a given
fault.
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Appendix A. HIL OP4500 main features
Real-time target: 4 INTEL processor cores 3.3 GHz (only 1 core ac-
tivated).
Solid state disk: 125 Gb.
Memory RAM: 4 Gb.
Real-time operating system: Linux RedHat.
Xilinx Kintex 7 FPGA (326.000 Logic cells and 840 DSP slice).
Sampling Rate: 200MHz.
96 User Inputs/Outputs (I/O): 16 analog inputs and 16 analog
outputs, 24 digital inputs and 24 digital outputs, 8 RS422 digital inputs
and 8 RS422 digital outputs.
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